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Highlights

What are the main findings?

• Superpixel segmentation was applied to the imaging result of a single channel, com-
bined with adaptive superpixel fusion, effectively achieving refined classification of
different regions within complex scenes.

• A two-step knowledge-aided clutter suppression algorithm combines multi-strategy
clutter suppression preprocessing with residual clutter suppression to achieve excellent
clutter suppression results while preserving the integrity of weak target echoes.

What are the implications of the main findings?

• The proposed knowledge information extraction algorithm effectively addresses the
inherent timeliness and compatibility issues of traditional knowledge information,
advancing the development of knowledge-aided algorithms in SAR systems.

• Knowledge-aided processing schemes provide an engineering solution for multi-
channel SAR clutter suppression in complex scenes, offering important insights for
subsequent research.

Abstract

Multichannel synthetic aperture radar (SAR) achieves high-resolution imaging while signif-
icantly enhancing the spatial freedom of the SAR system. As SAR hardware performance
continues to improve, observed scenes often transition from simple to complex scenes. The
increasingly complex clutter components introduced by complex scenes make clutter sup-
pression increasingly challenging. Traditional multichannel clutter suppression algorithms
usually assume that the observed scene, as a whole, satisfies the independent and identical
distribution (IID) condition. However, in actual complex scenes, this assumption often
proves difficult to uphold. Therefore, how to achieve more effective clutter suppression
for complex scenes is a challenge for SAR. In this paper, we propose a knowledge-aided
(KA) multichannel SAR clutter suppression algorithm for complex scenes. First, the single-
channel image is processed at the superpixel level and a superpixel fusion algorithm is
proposed, which adaptively realizes the refined classification of the complex scene. Then, a
two-step clutter suppression processing method with multi-strategy clutter suppression
preprocessing and sparse Bayesian residual clutter suppression is proposed. This method
not only provides effective classification information for complex scenes but also achieves
more efficient clutter suppression in complex scenes based on this classification informa-
tion. Finally, the clutter suppression performance of this algorithm in complex scenes was
validated through measured data.
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1. Introduction
Synthetic Aperture Radar (SAR) [1] systems are based on active coherent microwave

imaging mechanisms, which can realize all-day, all-weather imaging [2–4]. SAR detec-
tions [5–7] have become an important source of information for global environmental
monitoring, and effective clutter suppression methods are key to obtaining accurate target
information. According to the difference in the number of channels, SAR systems can
be categorized into single-channel and multichannel [8,9]. The clutter suppression of the
single-channel system mainly utilizes the difference between the target and the clutter in the
spectrum [10], which can be reflected in the Doppler spectrum and the Doppler modulation
frequency. Multichannel systems increase the freedom of spatial dimension processing
by deploying multiple receiving antennas along the trajectory. Their clutter suppression
methods are mainly displaced phase center antenna (DPCA) [11] and space–time adaptive
processing (STAP) [12–14]. Compared with the STAP method, the DPCA method does
not utilize all the spatial degrees of freedom and is sensitive to noise, so the subsequent
research mainly focuses on the STAP method. The STAP method achieves clutter suppres-
sion by performing 2D adaptive filtering on all pulses and all received channel data in the
coherent processing interval (CPI). When utilizing the STAP method for clutter suppres-
sion, the processing effect depends on the accuracy of the clutter-plus-noise covariance
matrix (CCM) estimation. For a homogeneous region with consistent statistical features,
the CCM estimated from training samples at arbitrary locations can achieve effective clut-
ter suppression in the scene. So the main problem of clutter suppression focuses on the
treatment of nonhomogeneous environments [15–17]. STAP methods for nonhomogeneous
environments can be generally categorized into three groups: (1) STAP methods based
on sample selecting, (2) STAP methods combined with sparse recovery (SR-STAP), and
(3) STAP methods combined with KA (KA-STAP).

Algorithms based on nonhomogeneous detectors [18], such as the generalized inner
product (GIP) algorithm [19] and the power-selected training (PST) algorithm [20]. These
algorithms have been proposed to select training samples for covariance matrix estimation
in nonhomogeneous environments. The GIP algorithm removes nonhomogeneous portions
from the training samples and is suitable for nonhomogeneous cases caused by small
terrain changes. The author in [21] chose to use the GIP method in the training samples
to minimize the negative impact of contaminated samples. The PST algorithm extracts
stronger clutter samples from the training samples and is suitable for nonhomogeneous
regions contaminated by strong scattered clutter.

For SR-STAP, with the rapid development of compressive sensing (CS) [22,23], the spar-
sity of signals has gradually become the focus of many scholars [24]. With the development
of CS theory, sparse recovery techniques were also introduced into the radar field [25,26],
and accordingly, the sparse recovery STAP (SR-STAP) method has been developed. Sparse
recovery can be used to estimate the CCM, to estimate the space–time spectrum, and to
reconstruct targets, among others. The author in [27] proposed a data-dependent reduced
dimension STAP approach based on sparse recovery, which yields relatively accurate CCM
estimates. The authors in [28] proposed a tensor-based SR-STAP scheme for large-scale
dictionary applications. The proposed method reduces the complexity of large-scale dic-
tionary operations while ensuring excellent clutter suppression performance. The author
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in [29] proposed the STAP-GPSR to achieve clutter suppression as well as reconstruction of
moving targets.

For KA-STAP, the commonly used knowledge information generally includes dig-
ital terrain elevation models (DTEMS) [30], geographic information systems (GIS) [31],
land-use and coverage data (LUCD) [32,33], radar system parameters, clutter model, and
clutter spectral structure. Using the radar system parameters as knowledge information,
the author in [34] proposed a linear combination of the a priori clutter covariance matrix
with the sample covariance matrix, which leads to better clutter suppression performance.
The author in [35] proposed a KA-STAP method based on QR decomposition. This method
utilizes digital topographic maps, land cover data, and the locations of man-made features
as knowledge information, achieving superior clutter suppression performance compared
to traditional STAP. The author in [36] proposed a 3D STAP method using a digital ter-
rain database as knowledge information to achieve effective nonhomogeneous clutter
suppression, and the application of the knowledge information also includes indirect appli-
cation and direct application. The indirect application of knowledge information generally
serves to guide the selection of training samples, while the direct application of knowledge
information can directly estimate the CCM of clutter samples.

The author in [36] selected the training samples along the equal Doppler line based
on prior knowledge to realize the suppression of short-range nonstationary clutter. The
author in [37] proposed a novel colored-loading factor optimization method based on
prewhitening (PW) performance evaluation in the direct data domain. The proposed
method improves the accuracy of the a priori information as well as obtaining the color-
loading factors for different range cells. The problem that the a priori covariance matrix
may differ in range cells is effectively solved. The author in [38] found a new intrinsic cyclic
characteristic of CCM. The authors have improved the clutter suppression performance
through cyclic CCM construction and iterative updating. The author in [39] proposed a
knowledge-aided (KA) CCM estimation algorithm based on the symmetric alternating
direction method of multiplier (KA-SADMM) to improve the processing performance of
clutter suppression.

However, in real complex scenes, there are often multiple homogeneous and nonhomo-
geneous regions at the same time, and the statistical properties of different homogeneous
regions are significantly different. This makes the processing for specific conditions not
universal in complex scenes. A schematic diagram of the complex scene composition is
shown in Figure 1.

Figure 1. Complex scene compositions and their challenges.

For STAP methods based on training sample selection, how to apply the most appro-
priate processing method for a specific location is a problem to be solved. For the SR-STAP
method, the mining of sparsity in system echoes is a problem to be explored. In addition,
the specific strategy for combining sparse recovery with clutter suppression algorithms is
also a direction that needs to be thoroughly investigated.
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The source of knowledge information is the first problem that the KA-STAP method
needs to face, and the way of obtaining the knowledge information is also an urgent
problem to be solved. After obtaining the knowledge information, how to design the
integration mechanism with the clutter suppression method is the core problem. Moreover,
the knowledge information also faces the problems of insufficient timeliness and poor
compatibility. In the practical application process, the SAR echo data are usually acquired
first, and then the corresponding knowledge information is matched according to the data,
which results in knowledge acquisition lagging behind the scene changes. When the scene
changes in real time, the lagging information is difficult to meet the real-time demand. In
addition, there is an inherent resolution difference between the knowledge information
and the SAR echoes due to the different methods of acquiring them. This problem leads to
the mismatch between the knowledge information and the SAR echoes, which reduces the
processing performance. An analysis of the limitations in current algorithms reveals several
challenges. Modern multichannel high-resolution airborne SAR systems can acquire rich
spatial information, with each channel independently capable of producing high-resolution
images. Building on this capability, the single-channel image is utilized as the knowledge
information to enable refined classification of complex scenes. This approach facilitates the
differentiation between homogeneous and nonhomogeneous regions within the scene.

The single-channel image satisfies both timeliness and compatibility, and the refined
classification scenes facilitate the implementation of different treatments for different situa-
tions. Based on the refined classification results, a two-step processing method for clutter
suppression with multi-strategy clutter suppression preprocessing and sparse recovery
residual clutter suppression is also proposed.

In the multi-strategy clutter suppression preprocessing, it is combined with refined
classification results. Conventional processing for homogeneous regions and location-
specific optimization processing for nonhomogeneous regions are implemented, solving
the problems faced by the STAP method based on training samples.

In residual clutter suppression algorithms based on sparse Bayesian, target reconstruc-
tion and residual clutter suppression are achieved by utilizing the sparsity of the target.
Due to the presence of the preprocessing stage, complete weak target echoes can still be
preserved during the target reconstruction process. The operational flow diagram of the
proposed method is shown in Figure 2.

The main contributions of this paper are described as follows:

1. We propose to utilize the single-channel image as a source of knowledge information.
The single-channel image is obtained from SAR echoes and thus has a good match
with SAR echoes. Moreover, the imaging results are generated immediately after the
echo acquisition, which is also guaranteed in terms of timeliness.

2. In terms of knowledge information extraction, we propose a method that combines
knowledge information sources with superpixel-level processing. Moreover, during
the superpixel fusion stage, a fusion algorithm was proposed to realize adaptive
classification of the scene. This algorithm enables refined classification between
homogeneous and nonhomogeneous regions. The results show that there are a large
number of homogeneous and nonhomogeneous regions in complex scenes, which
validates the importance of research on refined classification of complex scenes.

3. A two-step processing method combining multi-strategy clutter suppression prepro-
cessing and sparse Bayesian residual clutter suppression is proposed based on the
refined classification results in complex scenes. And the processing effect of the two
steps is analyzed separately using the measured data. Research findings indicate that
incorporating knowledge information enhances processing effectiveness during the
clutter suppression preprocessing stage. It also provides a flatter clutter background
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for residual clutter suppression. The effectiveness of the proposed algorithm for
clutter suppression in complex scenes is verified.

 

Figure 2. Schematic diagram of the composition of a complex scene.

The rest of this paper is organized as follows. In Section 2, we model the multichan-
nel SAR echoes. In Section 3, the knowledge information is extracted by utilizing the
superpixel-level processing method. An adaptive superpixel fusion algorithm is proposed
in Section 3.2. Based on the extracted knowledge information, a two-step clutter sup-
pression method combining multi-strategy clutter suppression preprocessing and sparse
Bayesian residual clutter suppression is proposed in Section 4. Section 5 analyzes the
experimental results of the proposed algorithm. Section 6 presents the discussion. Finally,
Section 7 summarizes the paper.

2. Multichannel SAR Echo Model
This section introduces the multichannel SAR echo model, providing the theoretical

basis for subsequent derivations in the following sections. The geometric configuration
of a multichannel SAR system with N channels is shown in Figure 3. Taking the system
working in front-side view mode as an example for analysis.

Figure 3. Multichannel SAR echo geometric configuration.
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The platform moves along the X-axis at a height H above the ground with a constant
velocity V. The distance between the array elements is d. Assume that the radar pulse is
transmitted from the first antenna Q1 and received by all antennas Qn(n = 1, 2, . . . , N).
When the SAR system transmits the LFM signal, the complex base-band signal obtained
from the echo signal received by the n-th channel after detection and demodulation pro-
cesses can be expressed as

secho
(
t̂, tm, n

)
= Atwa(tm)wr

[
t̂ − 2Rn(tm)

c

]
× exp

[
jπγ

(
t̂ − 2Rn(tm)

c

)2
]

exp
[
−j

4π

λ
Rn(tm)

]
(1)

where t̂, tm and Rn(tm) represent the fast-time, the slow-time, and the instantaneous slant
distance between the n-th channel and the target at moment tm. Furthermore, wa denotes
the azimuthal envelope function, wr denotes the envelop function of the transmitted signal,
and γ represents the modulation frequency of the LFM signal. The formula for Rn(tm) can
be expressed as

Rn(tm) ≈ RB + vrtm +
1
2

art2
m +

[(vx − V)tm + (n − 1)d]2

2RB
(2)

where RB is the shortest slant range, vr is the radial velocity of the moving target, ar is the
radial acceleration of the moving target, and vx is the along-track velocity of the moving
target. When the envelope of the transmitted signal is a rectangular window function, the
echo signal after range compression can be expressed as

secho
(
t̂, tm, n

)
= Atwa(tm) sin c

[
Br

(
t̂ − 2Rn(tm)

c

)]
× exp

[
−j

4π

λ
Rn(tm)

]
(3)

where Br indicates the bandwidth of the transmitted signal. Next, the specific formula for
the instantaneous slant distance is brought into (3) to obtain the following expression:

secho
(
t̂, tm, n

)
= Atwa(tm) sin c

[
Br

(
t̂ − 2Rn(tm)

c

)]
× exp

(
−j 4π

λ RB

)
× exp

[
j 2π

λ
v2

r RB
(V−vx)

2+ar RB

]
× exp

[
−j 4π

λ
vr(V−vx)(n−1)d
(V−vx)

2+ar RB

]
× exp

[
jπ
(
− 2(V−vx)

2+2ar RB
λRB

)(
vr RB

(V−vx)
2+ar RB

+ tm − (V−vx)(n−1)d
(V−vx)

2+ar RB

)2
] (4)

In multichannel SAR echo, stationary targets in the scene are considered as clutter
signals (vx = 0, vr = 0, ar = 0). Thus, the clutter signal echo can be expressed as

sclutter
(
t̂, tm, n

)
= Acwa(tm) sin c

[
Br

(
t̂ − 2Rn(tm)

c

)]
× exp

[
jπ
(
− 2V2

λRB

)(
tm − d(n−1)

V

)2
]

×exp
(
−j 4π

λ RB

) (5)

From Equation (5), it can be seen that the presence of the antenna baseline makes the
clutter signal return between different channels have a slow time delay. In order to achieve
better clutter suppression, it is necessary to exclude the influence of the antenna baseline on
the return signal between different channels, so that the clutter signal returns from different
channels are consistent. Therefore, a slow time delay compensation process is required,
which is usually performed in the Doppler domain. The result of the delay compensation
process can be expressed as

sclutter_comp
(
t̂, tm, n

)
= sclutter

(
t̂, tm + ∆tn, n

)
= Acwa(tm) sin c

[
Br

(
t̂ − 2Rn(tm)

c

)]
× exp

(
−j 4π

λ RB

)
× exp

(
−jπ 2V2

λRB
tm

2
) (6)
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∆tn denotes the value for slow-time delay compensation processing. The target echo signals
between different channels all also processed with the same time delay compensation,
denoted as

starget_comp
(
t̂, tm, n

)
≈ Atwa(tm) sin c

[
Br

(
t̂ − 2Rn(tm)

c

)]
×exp

(
−j 4π

λ RB

)
× exp

[
j 2π

λ
v2

r RB
(V−vx)

2+ar RB

]
× exp

[
−j 4π

λ
vr(V−vx)(n−1)d
(V−vx)

2+ar RB

]
× exp

[
−jπ

(
2(V−vx)

2+2ar RB
λRB

)(
vr RB

(V−vx)
2+ar RB

+ tm

)2
] (7)

Derivation of starget_comp
(
t̂, tm, n

)
obtained from the time delay compensation process

yields the following equation:

starget_comp
(
t̂, tm, n

)
= Atwa(tm) sin c

[
Br

(
t̂ − 2Rn(tm)

c

)]
exp

(
−j 4π

λ RB

)
× exp

[
j2π

(
− 2

λ
vr(V−vx)(n−1)d
(V−vx)

2+ar RB
− 2vr

λ tm − (V−vx)
2+ar RB

λRB
t2
m

)]
= Atwa(tm) sin c

[
B
(

t̂ − 2Rn(tm)
c

)]
exp

(
−j 4π

λ RB

)
× exp[jζn( fdt)] exp[j2π fdttm + jπκdtt2

m]

(8)

where fdt = −2vr/λ represents the Doppler center frequency, κdt is the Doppler chirp rate
of the moving target, and ζn( fdt) is the interference phase caused by the radial velocity of
the target. These expressions are written as follows:

κdt = −
[
2(V − vx)

2 + 2arRB

]
/λRB (9)

ζn( fdt) =
−2π fdt(n − 1)d

(V − vx) + arRB/(V − vx)
(10)

The measured data used for experimental analysis in this paper were obtained from a
three-channel airborne SAR, whose system parameters are shown in Table 1. After the slow
time-delay compensation process, the clutter signal echoes between different channels are
approximately the same, and the SAR echo data of any channel can be selected for imaging.

Table 1. The system parameters of the airborne SAR.

Parameters Values

Platform velocity (m/s) 87
Altitude (km) 7.5

Pulse repetition frequency (Hz) 800
Baseline (m) 0.18

Sampling frequency (MHz) 88
Pulse width (µs) 44

Bandwidth (MHz) 420
Slant range (km) 10

Based on the measured data obtained from the SAR system parameters in Table 1, the
single-channel imaging results are shown in Figure 4. Due to the large scale of the entire
scene, a representative section of the complex scene was selected for processing, as shown
in Figure 4c.
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(a) (b) (c) 

Figure 4. Imaging results obtained from measured data. (a) Results of range compression only.
(b) Perform azimuth compression on the basis of range compression. (c) Selected region of interest.

3. The Extraction of Knowledge Information
In order to solve the various problems faced by KA-STAP, this study proposes to utilize a

single-channel in multichannel SAR as a source of knowledge information. The knowledge
information is obtained from the imaging result of the single-channel to realize the refined
classification of the complex scene, which can guide the subsequent clutter suppression.

3.1. Superpixel Segmentation Algorithm for Refined Classification of Complex Scenes

One of the innovations in this paper is to use SAR images as an auxiliary source of
knowledge information and extract knowledge information from it to realize the refined
classification of the complex scene [40]. In the step of knowledge extraction based on
SAR images [41], the first step is to use the superpixel segmentation algorithm based on
simple linear iterative clustering (SLIC) [42,43]. Superpixel segmentation is the search for
an optimal division of an image, the goal of which is to make the boundaries of the divided
superpixels fit the boundaries of the objects in the image and to ensure that the pixels inside
the superpixels have similar features.

Since SAR images are grayscale, the SLIC algorithm is applied in 3D space [l, x, y].
The intensity value of a pixel represents the pixel value of the image. The SLIC algorithm
obtains initial cluster centers Ch(h = 1, 2, 3, . . .) by sampling pixels at regular grid intervals.
Subsequently, an iterative local k-means clustering process associates each pixel with the
cluster center having the minimum distance measure D. The formula for calculating
distance measure D is as follows:

D(i, j) =

(
dc(i, j)2

m2 +
ds(i, j)2

S2

)1/2

(11)

where dc(i, j) =
√(

li − lj
)2 denote the intensity similarity between pixel i and j. li and lj

represent the respective intensity value of pixel i and j. ds(i, j) =
√(

xi − xj
)2

+
(
yi − yj

)2

denotes the spatial distance [44] between pixel i and j. (xi, yi) and (xj, yj) denote the
horizontal and vertical coordinates of the two pixels, respectively. m and S are regulariza-
tion parameters.

Assume the SAR image P to be processed is segmented into K superpixels. Each
resulting superpixel can be denoted as Xk. The entire image after superpixel segmentation
must satisfy the following relationship:

K
∪

k=1
Xk = P (12)

Xk1 ∩ Xk2 = , k1 ̸= k2 (13)
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3.2. Superpixel Fusion Algorithm for Refined Classification of Complex Scenes

After the superpixel segmentation is completed, the overall scene is divided into a large
number of superpixels. The imaging results of the measured data and the corresponding
superpixel segmentation results are shown in Figure 5a,b. Although the superpixels achieve
refined segmentation of the scene, homogeneous regions satisfying the same statistical
properties are also divided into numerous superpixels. Figure 5c shows the existence of
this situation.

(a) (b) (c) 

Figure 5. Superpixel segmentation processing. (a) Grayscale display of imaging results. (b) Superpixel
segmentation processing. (c) Problems existing after superpixel segmentation.

Traversing each superpixel for clutter suppression significantly increases the com-
putational burden. Therefore, in this case, it is better to first fuse the superpixels that
satisfy the same statistical characteristics using a specific criterion, and then perform the
clutter suppression process on the fused slice-shaped region. Traditional superpixel fusion
methods usually only play the role of distinguishing the target from the background, and
they do not provide a close refinement of the background region, which is suitable for target
analysis in simple scenes. However, when the scene is a complex background, it is difficult
for traditional methods to realize the differential fusion of multiple types of backgrounds.

To solve this problem, we propose a superpixel fusion algorithm, which can divide
the complex scene into homogeneous and nonhomogeneous regions and provide accurate
knowledge information for subsequent clutter suppression. The schematic diagram of the
proposed algorithm is shown in Figure 6. For clarity, the corresponding processing results
are displayed alongside each processing step in Figure 6. Since the proposed superpixel
fusion method requires multiple iterations under the constraint of a circular judgment,
only the section indicated by the red dashed line presents the final output of the superpixel
fusion. The results in the remaining sections are outputs from intermediate processing
stages. For illustrative purposes, all intermediate processing results shown originate from
the first iteration. Algorithm 1 provides the details of the proposed algorithm.

There are several points to note in the algorithm. Firstly, any superpixel within the
superpixel segmentation result can be selected as the starting point (but the superpixels at
the corners are usually chosen as the starting point to simplify the fusion process).

Secondly, the texture information is described by gray-level co-occurrence matrix
(GLCM), which is commonly used in SAR images. The GLCM counts the frequency of
occurrence of pixel pairs with a specific gray value in an image under a specific spatial
relationship (direction and distance).
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Algorithm 1: An adaptive superpixel fusion

Inputs: superpixel segmentation results;
Outputs: the refined classification results of the complex scene;
Initialization: starting superpixel Xstart, similarity label set simlabel, alternative set
altlabel, dissimilarity set diffmeasure.

(1) Search all superpixels in the neighborhood of the Xstart and extract their labels to
form the alternative set altlabel, card(altlabel) = nalt.

(2) Calculate the statistical information (color information and texture information) for
superpixel Xstart and all superpixels corresponding to labels in the alternative set.

(3) Based on the obtained statistical information, the dissimilarity measure diffmeasure(j),
j = 1,. . ., nalt between Xstart and each Xaltlabel(i), i = 1,. . ., nalt is calculated, and the
set of diffmeasure = (diffmeasure(1), diffmeasure(2),. . ., diffmeasure(nalt)) is generated.

(4) For the items in set diffmeasure that do not exceed the set threshold, their
corresponding superpixel labels are extracted to form the similarity label set
simlabel, card(simlabel) = nsim.

(5) Determine whether simlabel is the empty set. When nsim ̸= 0, perform step (6);
otherwise perform step (7).

(6) Fuse the superpixels corresponding to all labels in the simlabel with the current
Xstart. Update Xstart using the fusion result and repeat steps (1)–(5).

(7) Determine whether all superpixels currently not participating in the fusion process
have ever been used as a starting superpixel. If any unused superpixels exist,
proceed to step (8); otherwise, the algorithm terminates.

(8) Search for superpixels that have not participated in fusion and have not been used
as a starting superpixel. Take the minimum value of the label corresponding to
these superpixels. Update Xstart with the superpixel corresponding to this label
value and repeat steps (1)–(5).

Figure 6. The schematic diagram of the proposed adaptive superpixel fusion algorithm.

Thirdly, the design of the similarity label set simlabel is also one of the innovations of the
algorithm in this section, which realizes the adaptive generation of different homogeneous
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regions. During the processing of the algorithm, when simlabel is empty, it indicates
that there is no superpixel in altlabel that can participate in the fusion. At this point, a
homogeneous region guided by the statistical properties of the current starting superpixel
Xstart is generated. The next step is to search for the next superpixel that has not been used
as a starting superpixel and generate a homogeneous region guided by this superpixel.
If all labels have been searched, the fusion algorithm ends at this point and different
homogeneous regions are adaptively generated. The superpixel fusion results obtained by
the proposed algorithm are shown in the red dashed box in Figure 6.

4. Knowledge-Aided Clutter Suppression Method in Complex Scene
In Section 3, the introduction of knowledge information realizes the refined classifi-

cation of homogeneous and nonhomogeneous regions in complex scenes. Since different
regions are in different clutter environments, it is difficult to obtain the ideal clutter sup-
pression effect by utilizing a single sample CCM at any location in the scene to process the
overall complex scene.

In this case, a two-step processing method for clutter suppression is proposed in this
section. Firstly, the knowledge information is used as a guideline and combined with a
multi-strategy clutter suppression algorithm to preprocess the complex scene for clutter
suppression. Then, the remaining clutter in the complex scene is further suppressed using
the sparse Bayesian algorithm.

4.1. Multi-Strategy Clutter Suppression Preprocessing

To achieve clutter suppression processing aided by knowledge information, the clutter
suppression preprocessing stage is performed in the image domain. After performing
azimuth compression of Equations (6) and (7), the image domain expression Iclutter

(
t̂, tm, n

)
for clutter echoes can be obtained. For the divided homogeneous and nonhomogeneous
regions, a multi-strategy approach is used in the preprocessing stage. Firstly, the prepro-
cessing of the homogeneous region is considered, the homogeneous region has a smooth
clutter environment, and the preprocessing can be realized by estimating the CCM for each
region separately for STAP.

The basic idea of the STAP technique is to carry out the 2D adaptive processing of
the signals according to a certain optimality criterion under the model of the background
clutter plus the known signals. In this case, the SCNR of the output is maximized to achieve
clutter suppression.

In SAR, the Fourier transforms of the echo data at different Doppler frequencies are
asymptotically independent due to the long synthetic aperture time, and the cross terms
between different Doppler channels can be neglected, at which time the STAP can be
approximated as the spatial adaptive processing.

The optimal weight vector Wopt is obtained by the following linear optimization problem:

min
W

WHRW s.t. WHst = 1 (14)

where R is the CCM and st is the steering vector.
Assuming that the noise signal is a zero-mean complex Gaussian signal with power

σ2
n . As the clutter and noise are independent from each other, the CCM becomes

R
(
t̂, tm

)
= E

[
Iclutter

(
t̂, tm

)
IH

clutter
(
t̂, tm

)]
= Rc

(
t̂, tm

)
+ Rn

= Rc
(
t̂, tm

)
+ σ2

nIN×N

(15)

https://doi.org/10.3390/rs18060879

https://doi.org/10.3390/rs18060879


Remote Sens. 2026, 18, 879 12 of 28

where H stands for conjugate transposition, Rc
(
t̂, tm

)
is the clutter covariance matrix, I is

an identity matrix, and Iclutter
(
t̂, tm

)
is the set with

Iclutter
(
t̂, tm

)
=
[
Iclutter

(
t̂, tm, 1

)
, . . . , Iclutter

(
t̂, tm, N

)]T (16)

However, in the actual process, Rc
(
t̂, tm

)
cannot be obtained directly and needs to be

estimated from neighboring cells. The maximum likelihood estimation of Rc
(
t̂, tm

)
can be

expressed as

Rc
(
t̂, tm

)
=

1
L∑L

i=1

[
Iclutter

(
t̂(i), tm

)
IH

clutter
(
t̂(i), tm

)]
(17)

where L denotes the number of IID training samples selected in the neighborhood of the
cell to be processed.

According to the Reed, Mallett, and Brennan (RMB) criterion [45], for the average
SCNR loss compared to the optimal space–time filtering performance within 3 dB, the
number of IID training samples should be at least 2 N.

From Equation (8), it can be seen that the difference in echo signals between differ-
ent channels are mainly determined by ζn( fdt). Therefore, the steering vector in STAP
processing can be expressed as

st = st( fdt) = [1, exp(jζ1( fdt)), . . . , exp(jζN( fdt))]
T (18)

By solving the optimization problem of (14), the optimal weight vector Wopt can be
obtained as

Wopt
(
t̂, tm

)
=

R−1(t̂, tm
)
st( fdt)

sH
t ( fdt)R−1(t̂, tm

)
st( fdt)

(19)

Secondly for nonhomogeneous regions, the cause of nonhomogeneity is the key
to choosing the specific processing method. Taking the nonhomogeneous scene in the
measured data as an example, different parts can be summarized as follows

The first category involves a large number of superpixels concentrated in the center of
the scene (as shown by the red rectangular portion in Figure 7, which is the bridge region in
the scene). The large number of isolated strong scattering points in the bridge structure is
the reason for the nonhomogeneity of clutter in this region. To address this type of clutter, it
is proposed to use the power selective training (PST) method to screen the stronger energy
clutter training samples to estimate the CCM of the region to achieve clutter suppression.

(a) (b) 

Figure 7. Different components in a nonhomogeneous environment. (a) Representations in superpixel
segmentation results. (b) Corresponding to the representation in the imaging results.
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The second category consists of concentrated but small number of superpixels occur-
ring at arbitrary locations in the scene (as shown in the purple square portion of Figure 7,
which have nonhomogeneous clutter due to abrupt terrain changes). For this nonho-
mogeneity, a GIP-based training sample selection method is used to estimate the CCM
for processing.

The third category is the isolated superpixels that are not fused in each homogeneous
region, (as shown in the blue triangular part in Figure 7, only the circled part is used
as an example). Isolated and unfused superpixels are usually considered as parts of the
suspected target, and for this category, the CCM pair of the nonhomogeneous region in
which the current superpixel is located is used for processing. Since the target is included
in the isolated and unfused superpixel, the training samples of the target location are not
mixed in the estimation of the CCM of the current background nonhomogeneous region,
which effectively prevents the self-cancelation problem during clutter suppression.

4.2. Residual Clutter Suppression Combined with Sparse Bayesian

Before preprocessing, the main components in the SAR echo are clutter signals, in
which the target signal is submerged and cannot be extracted. After the refined clutter
suppression preprocessing of the complex scene, the approximate position of the target can
already be observed, and the overall clutter background has become flat compared with the
preprocessing, but the presence of the remaining clutter still adversely affects the detection.

For any distance cells, the target signal before preprocessing is flooded with clutter
and cannot be extracted. After preprocessing, the clutter amplitude is reduced extensively,
resulting in a significant increase in the target SCNR. At this time, the strong scattering
characteristics of the target only appear in small portion of the distance cell, so the target
scattering coefficient is sparse.

In this case, sparse reconstruction algorithms are considered to achieve accurate
reconstruction of the target and the consideration of additive perturbation terms in the
model can further suppress the residual clutter.

As observed in Equation (8), the echo data starget_comp
(
t̂, tm, n

)
in the range-Doppler

domain is related to the echo’s scattering coefficient At. Therefore, to suppress residual
clutter, the processed results in the image domain must be transformed back to the range-
Doppler domain.

Referring to Equation (8), the result of the refined clutter suppression preprocessing
can be expressed as

srcsp_out
(
t̂, tm

)
= Arcspwa(tm) exp[jζn( fdt)] exp[j2π fdttm + jπκdtt2

m] + c(tm) (20)

where Arcsp denotes the amplitude of the signal after clutter suppression preprocessing.
For any range cell, the result of srcsp_out

(
t̂, tm

)
can be rewritten as srcsp_out(tm).

Organizing srcsp_out(tm) into matrix form yields the sparse observation model as follows:

sM×1 = ΘM×Na aNa×1 + cM×1 (21)

The measurement matrix is constructed as

sM×1 =
[
srcsp_out(tm)

]
, tm = [t1, . . . , tM]T, aNa×1 = [A1, . . . , ANa ]

T (22)

ΘM×Na =

[
θ

(
tm +

Na

2PRF

)
, . . . , θ

(
tm − i

PRF

)
, . . . , θ

(
tm − 1

PRF

(
Na

2
− 1
))]

(23)

θ(tm − i/PRF) = exp
[

j2π fdt(tm − i/PRF) + jπκdt(tm − i/PRF)2
]

(24)
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where sM×1 denotes the observed signal of dimension M × 1, which is the result after the
preprocessing of refined clutter suppression, ΘM×Na denotes the observation matrix of
dimension M × Na, cM×1 denotes the additive perturbation term, and aNa×1 denotes the
target complex scattering sparse coefficient vector of dimension Na × 1, which is the sparse
signal to be reconstructed.

In order to realize the sparse reconstruction of target scattering coefficients and the
suppression of residual clutter, a Bayesian compressed sensing method based on Laplace
prior distribution is adopted for the sparse characteristics of the target. The sparse Bayesian
learning (SBL) method [46], also known as the BCS method, was originally proposed as a
machine learning algorithm in 2001, and excelled in regression and classification tasks [47].

Subsequently, SBL was introduced to the field of sparse signal recovery and com-
pressed sensing to convert the sparse signal reconstruction problem into a Bayesian linear
regression problem [48]. Considering the observation model containing additive perturba-
tions, all unknown signals are modeled as random variables, and a hierarchical sparse prior
model is constructed under the framework of Relevance Vector Machine (RVM) [49] theory
in order to make full use of the signal. The conditional distribution of the observed signal
is established based on the distributional characteristics of the additive perturbation, and
the posterior probability distribution of the signal is calculated through Bayesian inference
by combing the prior distribution of the signal and the distribution of the observed signal.

Considering that the BCS reconstruction algorithm is based on a real-domain sig-
nal model and the SAR sparse observation model is complex-domain, it is necessary to
transform the complex-domain observation model into its real-domain counterpart:

s̃2M×1 = Θ̃2M×2Na ã2Na×1 + c̃2M×1 (25)

where the specific form of each term in Equation (25) is shown as follows:

s̃2M×1 =

[
ℜ(s)
ℑ(s)

]
, Θ̃2M×2Na =

[
ℜ(Θ) −ℑ(Θ)

ℑ(Θ) ℜ(Θ)

]
, ã2Na×1 =

[
ℜ(a)
ℑ(a)

]
, c̃2M×1 =

[
ℜ(c)
ℑ(c)

]
(26)

The additive perturbation c̃ is independent and Gaussian, with zero mean and variance
equal to σ2. According to the linear Bayesian estimation theory, the observation signal s̃
obeys a Gaussian distribution with a conditional probability density function of

p
(

s̃
∣∣∣ã, σ2

)
= N

(
s̃ | Θ̃ã, σ2

)
=
(

2πσ2
)−Na

exp
{
− 1

2σ2

∥∥∥s̃ − Θ̃ã
∥∥∥2
}

(27)

with a Gamma prior placed on β = 1/σ2 as follows:

p(β) = Γ(β | a, b) =
ba

Γ(a)
βa−1 exp(−bβ) (28)

Since the Gamma distribution is the conjugate prior of the distribution, it is often used
as the prior distribution of the inverse of the variance of the Gaussian distribution in order
to achieve a simplified analysis.

In Bayesian modeling, all known signals are treated as stochastic quantities with
assigned probability distributions. And the unknown signal ã is given a sparse prior distri-
bution p(ã|γ ) as a constraint, which models our knowledge of the signal properties. For
the sparse prior distributions, the Laplace prior distribution is assigned to the coefficients ã
because the Laplace prior has better sparsity and the concave logarithmic domain Laplace
prior maximizes the prior. However, the Laplace prior distribution is not the conjugate
prior of the Gaussian likelihood function and this formulation of the Laplace prior does
not allow for a tractable Bayesian analysis. To solve this problem, RVM is introduced to
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construct a hierarchical sparse prior model [47]. The first stage of the hierarchical model
specifies the following prior on ã:

p(ã | α) =
2Na

∏
i=1

N(ãi | 0, αi) (29)

where α = (α1, α2, . . . , α2Na). In the second stage of the hierarchical structure, αi is assigned
a Gamma distribution, which is the dual of the Gaussian distribution

p(αi | η) = Γ(αi | 1, η/2) =
η

2
exp

(
−ηαi

2

)
, αi ≥ 0, η ≥ 0 (30)

Combining Equations (29) and (30), the following equation can be obtained:

p(ã|η) =
∫

p(ã | α)p(α | η)dα = (
√

η/2)2Na exp

(
−√

η∑
i
∥ãi∥

)
(31)

From Equation (31), it can be seen that ã obeys the Laplace distribution, verifying
the correctness of the hierarchical sparse prior model. In the last stage of the hierarchical
structure, we model η as the realization of the following Gamma hyperprior:

p(η | υ) = Γ(η | υ/2, υ/2) (32)

The first two stage of the three-stage hierarchical structure result in a Laplace distri-
bution p(ã|η), and the last stage is used to calculate η. Based on the hierarchical sparse
prior model, the solution of parameter {ã, α, η, β} is realized by Bayesian inference. The
posterior distributions of all parameters can be obtained using Bayesian formulation:

p(ã, α, η, β | s̃) = p(ã, α, η, β, s̃)/p(s̃) (33)

However, the posterior p(ã, α, η, β | s̃) is difficult to solve, since p(̃s) =
∫ ∫ ∫ ∫

p(ã, α, η, β, s̃)
dãdαdηdβ cannot be calculated analytically. Therefore, the solution of parameters is
achieved through the decomposition of the posterior distribution. According to the
Bayesian formula, our inference procedure is based on the following decomposition:

p(ã, α, η, β | s̃) = p(ã | α, η, β, s̃)p(α, η, β | s̃) (34)

Since p(ã | α, η, β, s̃) ∝ p(ã, α, η, β, s̃), and the distribution p(ã|α, η, β, s̃) is found to be
a multivariate Gaussian distribution N(ã | µ, Σ) with parameters

µ = ΣβΘ̃Ts̃ (35)

Σ =
[

βΘ̃TΘ̃ + Λ
]−1

(36)

where Λ = diag(1/α1, . . . , 1/αi, . . . , 1/α2Na). We then utilize p(α, η, β|̃s) to estimate the
hyperparameters {α, η, β}.

According to the following equation,

p(α, η, β | s̃) = (p(α, η, β, s̃)/p(s̃)) ∝ p(α, η, β, s̃) (37)

The hyperparameters are solved through the joint distribution p(α, η, β, s̃). By inte-
grating out ã from p(ã, α, η, β, s̃), we can obtain the following equation:
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p(α, η, β, s̃) =
∫

p(s̃|ã, β )p(ã |α )p(ã |α )p(α|η )p(η)p(β)dã

=

(
1

2π

)Na∣∣∣β−1I + Θ̃Λ−1Θ̃T
∣∣∣−1

2 × exp
[
−1

2
s̃T
(

β−1I + Θ̃Λ−1Θ̃T
)−1

s̃
]

×p(α|η )p(η)p(β)

(38)

where I is the identity matrix. In order to facilitate the analysis, we convert Equation (38)
into logarithmic form:

L = −1
2

log|J| − 1
2

s̃TJ−1s̃ + 2Na log
η

2
− η

2 ∑
i

αi +
υ

2
log

υ

2
− log Γ

(υ

2

)
+
(υ

2
− 1
)

log η − υ

2
η +

(
aβ − 1

)
log β − bββ

(39)

For the estimation of hyperparameters {α, η, β}, algorithms such as the Expectation
Maximization (EM) algorithm or Type II maximum likelihood estimation are utilized.
These algorithms obtain the optimal estimates of the hyperparameters by maximizing the
likelihood function of the hyperparameters, and the updates of the hyperparameters can
be expressed as

αi = − 1
2η

+

√
1

4η2 +

〈
ã2

i
〉

η
(40)

η =
2Na − 1 + υ/2
∑i αi/2 + υ/2

(41)

β =
Na + aβ〈∥∥∥s̃ − Θ̃ã
∥∥∥2
〉

/2 + bβ

(42)

where
〈
ã2

i
〉
= µ2

i + Σii with Σii the ith diagonal element of Σ. Finally, we can also estimate υ

be maximizing Equation (41) with respect to υ. This results in solving the following equation:

log
υ

2
+ 1 − ψ

(υ

2

)
+ log η − η = 0 (43)

where ψ(z) = d log Γ(z)/dz. Since the mean µ and variance Σ are functions of the hyperpa-
rameters α and β, and the hyperparameters α and β are also functions with respect to µ

and Σ, they need to be iteratively updated with each other until convergence is reached.
The estimate of the sparse signal to be solved is the posterior mean µ.

The above algorithm needs to invert the matrix of size 2Na × 2Na during each iteration,
so the computational complexity of each iteration is O

(
8N3

a
)
. For SAR images, the presence

of a large amount of data makes the algorithm computationally larger and slower to
converge. In order to solve this problem and improve the convergence speed of the
algorithm, the fast RVM algorithm based on sparse Bayesian model is used in this section
to realize the fast reconstruction of the signal.

According to the Woodbury matrix identity, the variance Σ can be organized as

Σ = Λ−1 − Λ−1Θ̃T
(

β−1I + Θ̃Λ−1Θ̃T
)−1

Θ̃Λ−1 = Λ−1 − Λ−1Θ̃TJ−1Θ̃Λ−1 (44)

To satisfy the need for increased sparsity and reduced the computational effort, only
one hyperparameter αi is updated during each iteration. The fast reconfiguration algorithm
initialized an empty model α = 0, and elements are added to the model through continuous
iterations. Based on this idea, J can be represented as

J = β−1I + ∑
i

αi θ̃i θ̃
T
i = J−1 + αi θ̃i θ̃

T
i (45)
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where J−1 is the result of J removing the ith column. Using the Woodbury identity, the
inverse matrix of J can be represented as

J−1 = J−1
−i −

J−1
−i θ̃i θ̃

T
i J−1

−i

1/αi + θ̃T
i J−1

−i θ̃i
(46)

and using the determinant identity can obtain the following equation:

|J| = |J−i|
∣∣∣1 + αi θ̃

T
i J−1

−i θ̃i

∣∣∣ (47)

At this point, the equivalent logarithmic form of p(α, η, β, s̃) can be organized as

L(α) = −1
2

(
log|J−i|+ s̃TJ−1

−i s̃ +
η

2 ∑
j ̸=i

αj

)
+

1
2

(
log

1
1 + αisi

+
q2

i αi

1 + αisi
− ηαi

)
= L(α−i) + l(αi)

(48)

where l(αi) = 1/2
(
log(1/(1 + αisi)) + q2

i αi/(1 + αisi)− ηαi
)
, si and qi are defined as

si = θ̃T
i J−1

−i θ̃i and qi = θ̃T
i J−1

−i s̃. The derivative of L(α) with respect to αi can be expressed as

dL(α)
dαi

= dl(αi)
dαi

= 1
2

(
− si

1+αisi
+

q2
i

(1+αisi)
2 − αi

)
= − 1

2

(
α2

i (ηs2
i )+αi(s2

i +2ηsi)+(η+si−q2
i )

(1+αisi)
2

) (49)

Note that the numerator has a quadratic form while the denominator is always positive
and therefore dL(α)/dαi = 0 is satisfied at

αi =
−si(si + 2η)± si

√
∆

2ηs2
i

(50)

where ∆ = (si + 2η)2 − 4η
(
si − q2

i + η
)
. Observe that if q2

i − si ≤ η, then ∆ < (si + 2η)2

and both solutions in (48) are negative, and since dl(αi)/dαi
∣∣
αi=0 < 0 , the maximum value

of L(α) arises at αi = 0. On the other hand, if q2
i − si > η, there are two solutions. When

q2
i − si > η, we have dl(αi)/dαi

∣∣
αi=0 > 0 and dl(αi)/dαi|αi=∞ < 0 . Thus, L(α) takes the

maximum value when αi is a positive solution, and in summary, the estimate of αi is
expressed as

αi =

 1
2ηs2

i

(
si

√
(si + 2η)2 − 4η

(
si − q2

i + η
)
+−si(si + 2η)

)
, i f q2

i − si > η

0 , otherwise
(51)

5. Experimental Results
This section validated the effectiveness of the proposed algorithm through experiments

conducted on measured data. First, the knowledge extraction component was analyzed by
fitting different segments of the classification results using classical models, validating both
the accuracy of the extracted knowledge and necessity of KA processing. Subsequently,
for the proposed two-step clutter suppression algorithm, the performance of both the
preprocessing clutter suppression and residual clutter suppression steps was evaluated
separately, confirming the effectiveness of the proposed clutter suppression algorithm.
Finally, the proposed algorithm is compared with existing algorithms, further validating
the superior processing performance of the proposed clutter suppression algorithm in
complex scenes.
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5.1. Extraction of Knowledge Information

The extraction of knowledge information realizes the classification of homogeneous
and nonhomogeneous regions in complex scenes, where different homogeneous regions
(land, sea, etc.) also fulfill different distributional properties.

In Section 5.1, the refined classification results of complex scene based on knowledge
information were analyzed; separate fittings were conducted for each homogeneous and
nonhomogeneous region. The Weibull, Rayleigh, Lognormal, and Gamma distributions
from the classical model are taken for comparison, and finally, the goodness of fit of the
different distributions is tested according to the statistical test measure KS. The probabil-
ity density function (PDF) equations for the Weibull distribution, Rayleigh distribution,
Lognormal distribution, and Gamma distribution are shown below.

f (z) = χ/ζ(z/ζ)χ−1 exp
(
−(z/ζ)χ) (52)

f (z) = z/κ2 exp
(
−z2/2κ2

)
, z ≥ 0 (53)

f (z) = 1/
√

2πzσl exp
(
−(ln z − µl)

2/2σ2
l

)
(54)

f (z) = β
αg
g /Γ(αg)zαg−1e−βgz, z > 0 (55)

where χ and ζ are the shape parameter and scale parameter of the Weibull distribution, κ is
the Rayleigh factor, µl and σl are the mean and variance of the Lognormal distribution, αg

and βg are the shape parameter and scale parameter of the Gamma distribution, and Γ(·) is
the gamma function.

The KS test, which tests whether a given clutter sample obeys a particular distribution,
has a test statistic that can be expressed as

KS = max
−∞<x<+∞

∣∣∣Fempirical(x)− Ftheoretical(x)
∣∣∣ (56)

where Fempirical(x) is the cumulative distribution function (CDF) of the empirical distribu-
tion, and Ftheoretical(x) is the CDF of the hypothesized distribution. A smaller value of KS
indicates a better fit of the data to the current model.

Firstly, the homogeneous regions in the refined classification results are analyzed,
and four homogeneous regions are arbitrarily selected for fitting. The extracted four
homogeneous regions and their fitting results are shown in Figure 8. It can be seen
that the intensity values in different homogeneous regions exhibit significant differences.
To investigate the optimal fitting models for different homogeneous regions, numerical
analysis is conducted using the measure KS.

The fitting of each of the four homogeneous regions using the KS statistic can be
analyzed as shown in Table 2. The statistical properties of homogeneous regions 1 and 4 are
closer to a Lognormal distribution, while the statistical properties of homogeneous regions
2 and 3 are closer to a gamma distribution. The experimental results show that different
homogeneous regions in complex scenes may also satisfy different distributional properties.

Table 2. KS results in homogeneous regions.

Regions Gamma Weibull Rayleigh Lognormal

Homo region 1 0.0575 0.0804 0.2037 0.0465
Homo region 2 0.0143 0.0319 0.1152 0.0333
Homo region 3 0.0178 0.0344 0.1365 0.0367
Homo region 4 0.0572 0.0730 0.1995 0.0266
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Figure 8. Extraction and fitting of different homogeneous regions. (a) Extraction of homogeneous
region 1. (b) Extraction of homogeneous region 2. (c) Extraction of homogeneous region 3. (d) Ex-
traction of homogeneous region 4. (e) Fitting of homogeneous region 1. (f) Fitting of homogeneous
region 2. (g) Fitting of homogeneous region 3. (h) Fitting of homogeneous region 4.

Secondly, the nonhomogeneous regions in the refined classification results are ana-
lyzed. Nonhomogeneous regions due to the presence of strong scattering points as well as
abrupt terrain changes are extracted. The extracted nonhomogeneous regions and their
fitting results are shown in Figure 9, and the results of the same fitting test measure KS are
given in Table 3.

Table 3. KS results in nonhomogeneous regions.

Regions Gamma Weibull Rayleigh Lognormal

Nonhomo region 1 0.0573 0.0730 0.8617 0.0580
Nonhomo region 2 0.2269 0.1552 0.7781 0.1752
Nonhomo region 3 0.0929 0.2037 0.7212 0.1817

Based on the fitting results in Figure 9 and the fitting test measure KS in Table 3, it can
be seen that the classical models all have difficulty in realizing the fit to the nonhomoge-
neous regions. In order to be able to better reflect the difference between homogeneous
and nonhomogeneous regions, we introduce a statistical model that can uniformly describe
clutter regions [50,51]. The PDF of the introduced model can be expressed as

p(t|v, ϑ ) =
1

B(n, v)

(
n

v − 1

)n tn−1

(1 + nt/(v − 1))n+v (57)

where B(n, v) = Γ(n)/Γ(v)/Γ(n + v), n represents the number of views, and v repre-
sents the texture parameter. A larger texture parameter v indicates higher homogeneity.
Conversely, a smaller texture parameter v indicates higher nonhomogeneity.

From Table 4, it can be seen that the homogeneous regions all have larger texture
parameter values compared to the nonhomogeneous regions. The experimental results
once again verify the correctness of this paper’s knowledge of complex scene.
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Figure 9. Extraction and fitting of different nonhomogeneous regions. (a) Extraction of nonhomo-
geneous region 1. (b) Extraction of nonhomogeneous region 2. (c) Extraction of nonhomogeneous
region 3. (d) Fitting of nonhomogeneous region 1. (e) Fitting of nonhomogeneous region 2. (f) Fitting
of nonhomogeneous region 3.

Table 4. The calculation results of the number of views and texture parameters for different regions.

Regions n v

Homogeneous 1 1.001 43.146
Homogeneous 2 1.237 42.117
Homogeneous 3 0.9576 37.166
Homogeneous 4 0.9831 46.245

Nonhomogeneous 1 0.8951 2.574
Nonhomogeneous 2 1.4235 1.485
Nonhomogeneous 3 1.3219 1.746

5.2. Clutter Suppression Performance in Complex Scenes

In the analysis of the experimental results in Section 5.2, the refined clutter suppression
preprocessing step within the proposed two-step clutter suppression algorithm is first
analyzed. Comparisons are made with the clutter suppression results achieved using CCM
estimated from a single sample region.

Figure 10 presents the imaging results of the raw data, the clutter suppression results
obtained using the single sample CCM, and the results after processing with the proposed
refined clutter suppression preprocessing. Localized magnification was applied to the
target regions in different experimental results, with target locations marked using white
and orange rectangles.
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Figure 10. Overall performance comparison of multi-strategy clutter suppression preprocessing.
(a) Imaging results of raw data. (b) Clutter suppression results for single sample CCM. (c) Clutter
suppression results from multi-strategy clutter suppression preprocessing. (d) Localized magnifica-
tion of raw data imaging results. (e) Localized magnification of the single sample CCM processing
results. (f) Local magnification of multi-strategy clutter suppression preprocessing results.

In the imaging result of the raw data, only two targets can be identified within the
white rectangle, while the targets within the orange rectangle are barely detectable and
submerged in the background clutter. After processing the whole complex scene using
a single-sample CCM, almost all targets can be seen in the white rectangle but with low
contrast, and two targets can be detected in the orange rectangle. It can be seen that a certain
degree of clutter suppression can be achieved by utilizing single sample CCM processing,
but the effect is not satisfactory. This is due to the fact that the CCM obtained from a single
sample does not reflect the specific characteristics of the clutter in each different part of the
complex scene.

The results of the refined clutter suppression preprocessing demonstrate that tar-
gets within the white and orange rectangular regions are clearly distinguishable, with a
pronounced contrast between the targets and the background. The proposed algorithm
fully utilizes the knowledge information of echoes to achieve multi-strategy processing for
different types of clutter.

After conducting a general analysis of the processing results, specific echo curves
at designated locations were extracted for numerical analysis. The analysis first focused
on the target locations, with randomly selected targets and their corresponding 1D data
represented by the yellow dashed box and yellow dashed line in Figure 11a, respectively.

Figure 12a analyzes the curve passing through the coordinate point [1107, 867]. It
can be observed that the clutter suppression effect of the single sample CCM is limited,
reducing the echo intensity by only 3 to 4 dB. In contrast, the proposed multi-strategy
clutter suppression preprocessing method further reduces the overall clutter background
intensity by 10 dB. Furthermore, due to the application of the PST algorithm in the strong
scattering region, the echo intensity of the strong scattering point is also attenuated by
10 dB.
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Figure 11. Schematic diagram of specific data locations for numerical analysis. (a) Locations of the
target curve. (b) Location of the clutter background curve.
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Figure 12. Numerical analysis of multi-strategy clutter suppression preprocessing. (a) Numerical
analysis of target curve 1. (b) Numerical analysis of target curve 2. (c) Numerical analysis of clutter
background curve 1. (d) Numerical analysis of clutter background curve 2.

Figure 12b analyzes the curve passing through the coordinate point [1047, 1865]. There
are no strong scatter points in the data at this time. For the single-sample CCM processing,
the clutter intensity is reduced by approximately 5 dB within the range cell from 0 to 1080.
However, within the range cell from 1080 to 2400, the clutter intensity decreased by nearly
10 dB. This indicates that the CCM estimated from a single sample at this point better
aligns with the clutter characteristics within the range cell from 1080 to 2400. The proposed
algorithm, based on a single-sample CCM processing, further reduces clutter intensity by
5 dB and 8 dB within the range cell from 0 to 1080 and from 1080 to 2400, respectively.

The analysis then focuses solely on the portion containing only clutter background.
Randomly selected 1D data is shown as the white dashed line in Figure 11b. The presence
of complex scenes results in significant intensity differences among echoes from different
azimuth cells. The results in Figure 12c,d, indicate that while single sample CCM processing
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can significantly suppress clutter echoes, it fails to achieve optimal results at all locations. In
contrast, the proposed method delivers optimal processing performance across all positions.

After analyzing the processing effect of the preprocessing part of the proposed algo-
rithm, the residual clutter suppression effect combined with the sparse Bayesian approach
is analyzed immediately after.

Due to the large number of targets in the scene, in order to facilitate the analysis, we
analyze the processing effect by performing residual clutter suppression on targets located
at different range cells. We analyzed all the targets in Figure 10 in four parts, as shown
in Figure 13. In order to facilitate a clear demonstration of the suppression effect of the
residual clutter, only the interval of the range cells where the targets are located is treated
in the four parts of the target analysis.

 
(a) (b) (c) (d) 

  
(e) (f) (g) (h) 

Figure 13. Comparison of the target location before and after residual clutter suppression. (a) Clutter
suppression preprocessing results for the targets in part one. (b) Clutter suppression preprocessing
results for the targets in part two. (c) Clutter suppression preprocessing results for the targets in part
three. (d) Clutter suppression preprocessing results for the targets in part four. (e) Residual clutter
suppression processing results for the targets in part one. (f) Residual clutter suppression processing
results for the targets in part two. (g) Residual clutter suppression processing results for the targets in
part three. (h) Residual clutter suppression processing results for the targets in part four.

The effect of residual clutter suppression shows that the two-step processing method
of clutter suppression that combines knowledge information can realize effective clutter
suppression in complex scenes. To quantitatively evaluate the clutter suppression per-
formance of the proposed method, comparisons are made based on the average output
signal-to-noise ratio (SCNR), whose expression can be expressed as

SCNR = 10 log10

(
Ps

Pc+n

)
(58)

where Ps denotes the power of the signal, and Pc+n represents the average power of clutter
plus noise. A quantitative analysis of the experimental results for clutter suppression
preprocessing and residual clutter suppression yields Table 5.
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Table 5. Quantitative analysis of clutter suppression preprocessing and residual clutter suppression.

Different Regions

SCNR (dB)

Clutter
Suppression

Preprocessing

Residual Clutter
Suppression

SCNR
Improvement

Targets of part one 8.23 27.82 19.59
Targets of part two 6.87 25.04 18.17
Targets of part three 6.53 26.27 19.74
Targets of part four 5.48 24.76 19.28

5.3. Comparison of the Proposed Algorithm with Existing Algorithms

In Section 5.3, the proposed KA based algorithm is compared and analyzed with the
traditional clutter suppression algorithm without introducing knowledge information.

As shown in Figure 14, compared to traditional algorithm, the proposed algorithm
achieves superior clutter suppression while fully preserving weak target echoes. The di-
versity of clutter environments in complex scenes impacts both the effectiveness of sparse
Bayesian methods in residual clutter suppression and the quality of target reconstruction.
Incorporating knowledge information not only enables refined classification of complex
scenes but also guides clutter suppression preprocessing for such environments, achieving
superior clutter suppression performance. To more clearly demonstrate the processing ca-
pabilities of the proposed algorithm, echo data curves from specific locations were extracted
from the processing results for further analysis between the proposed and traditional algo-
rithms. The specific locations of extracted curves for different partial targets are shown in
Figure 15a–e, while comparison of echo curves between different methods are presented
in Figure 15e–h. The results demonstrate that the proposed algorithm achieves superior
processing performance compared to traditional algorithm.

  
(a) (b) (c) (d) 

   
(e) (f) (g) (h) 

Figure 14. Comparison of the proposed algorithm with traditional algorithm in clutter suppression.
(a) Traditional algorithm processing results for part one targets. (b) Traditional algorithm processing
results for part two targets. (c) Traditional algorithm processing results for part three targets. (d) Tra-
ditional algorithm processing results for part four targets. (e) Processing results of the proposed
algorithm for part one targets. (f) Processing results of the proposed algorithm for part two targets.
(g) Processing results of the proposed algorithm for part three targets. (h) Processing results of the
proposed algorithm for part four targets.
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Figure 15. Specific curve comparison between the proposed algorithm and traditional algorithm in
terms of clutter suppression. (a) Curve extraction position for part one targets. (b) Curve extraction
position for part two targets. (c) Curve extraction position for part three targets. (d) Curve extraction
position for part four targets. (e) Comparison of processing results for part one targets. (f) Comparison
of processing results for part two targets. (g) Comparison of processing results for part three targets.
(h) Comparison of processing results for part four targets.

Finally, Table 6 presents a quantitative analysis of the experimental results for clut-
ter suppression, comparing the performance of the proposed algorithm with that of the
traditional algorithm.

Table 6. Quantitative analysis of the proposed algorithm compared to traditional algorithm.

Different Regions
SCNR (dB)

Traditional
Algorithm

The Proposed
Algorithm

SCNR
Improvement

Targets of part one 19.68 27.82 8.14
Targets of part two 15.23 25.04 9.81
Targets of part three 12.38 26.27 13.89
Targets of part four 17.66 24.76 7.1

6. Discussion
This paper proposes a knowledge-aided multichannel SAR clutter suppression method

for complex scenes. It performs superpixel-level processing on single-channel images
and employs an adaptive superpixel fusion algorithm to achieve refined classification in
complex scenes. Subsequently, a two-step clutter suppression processing method is intro-
duced, comprising multi-strategy clutter suppression preprocessing and sparse Bayesian
residual clutter suppression. This method not only provides effective classification infor-
mation for complex scenes but also enables more efficient clutter suppression based on
this classification.

Existing knowledge-aided multichannel SAR clutter suppression methods struggle
to balance compatibility and timeliness in complex scenes. For instance, while LUCD and
DTEMS data from the same geographic location can meet compatibility requirements, their
non-real-time acquisition makes it difficult to satisfy timeliness demands. Compared to
existing algorithms, the proposed method not only achieves effective clutter suppression
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in complex scenes but also advances the application of knowledge-aided approaches in
multichannel SAR systems.

Limitations of this study include the following: During multichannel echo modeling,
target echoes are modeled using traditional multichannel SAR echo model parameters.
While these parameters satisfy the requirements of multichannel SAR moving platforms,
a non-negligible phase term may exist in more complex motion scenes [52] (e.g., high-
speed target movement). Future work could incorporate complex target motion into the
modeling process to achieve more accurate echo modeling and effective clutter suppression
in multichannel SAR under more challenging conditions

7. Conclusions
This paper proposes a knowledge-aided solution for clutter suppression in mul-

tichannel SAR under complex scenes. First, knowledge information is extracted from
single-channel imaging results to achieve refined classification in complex scenes. Subse-
quently, based on this knowledge, a two-step clutter suppression method is introduced,
combining multi-strategy clutter suppression preprocessing with sparse Bayesian residual
clutter suppression. Finally, a detailed analysis of each step in the algorithm was conducted
using measured data. Comparisons with traditional algorithms that do not incorporate
knowledge information demonstrated that the proposed method exhibits superior clutter
suppression performance in complex scenes.

This KA approach overcomes limitations of conventional knowledge application,
offering novel solutions for clutter suppression in complex scenes. Future work aims
to extract knowledge information about clutter from the matrix dimension, integrating
classification information from complex scenes with knowledge information from the clutter
CCM. Tensor techniques will be employed to perform principal component analysis. By
incorporating knowledge information from more dimensions to guide clutter suppression,
the research scope of KA methods in complex scenes will be expanded.
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